This study compares the results of two nationwide land degradation assessments for Senegal. The first approach is based on expert judgments, the second on trend analyses of Rainfall Use Efficiency (RUE). The comparison yields some interpretable results for extreme negative RUE slope values with maximum degrees of land degradation as indicated by experts, yet, overall, the correlation between both approaches proves to be low and without clear sign. As RUE trend analysis suffers from several inherent methodological problems and expert judgments are found to be consistent we consider expert opinions as the preferable option for a nation-wide land degradation assessment in Senegal. Yet, we argue that methodological improvements would increase the explanatory power of the expert approach and consolidate its position in a policy making framework.
Introduction
Land degradation seriously impairs food security, biodiversity and economic development, especially in lower income countries where land users are highly dependent on the quality of natural endowments (e.g. Lal, 2011) . Moreover, capital constraints restrict land users' access to expensive inputs, like fertilizer, that could compensate the deteriorative effects of land degradation (Requier-Desjardins et al., 2011) . When land is degraded, its productivity is reduced and many other ecosystem services are deleteriously affected (FAO, 2011) . A rural household survey in Senegal showed that the impact of land degradation affected the 'net income situation of the household' (36 percent), 'the productivity of the land' (24 percent) and exacerbated the households' food security (10 percent) (Sonneveld et al., 2011) . It is, therefore, critical that techniques are being developed that provide accurate assessments of land degradation that can serve as an early warning system and timely inform decision makers. Moreover, to prioritize interventions such analysis should take place at the national scale, the level where most important decisions concerning land use are taken. However, this is not an easy task. Land degradation is dependent on a complexity of biophysical and socio-economic factors that largely vary in space and time. Moreover, the few countries that avail of a monitoring network that covers interaction between land use and natural resources in sufficient detail can only generate reliable land degradation assessments for small agricultural areas and have to abstain from assessments at national level.
The scientific community addressed these concerns by concentrating, in the last few decades, on the development of land degradation models that were based on physical laws and aimed to be universally applicable. Yet, high expectations in the 1970s of accommodating increasing complexity in these process based models were tempered in the 1990s (Pla Sentis, 1997) as models appeared to be very data demanding (e.g. Mitas & Mitasova, 1998) , vary considerably in their predictive power (e.g. Zeleke, 2000; Yu et al., 2001 ) and still require a stage of validation. Beven (1999) also found that parameter identification fails and different sets gave equally acceptable fits to observed data, but for entirely different reasons, implying that land degradation models have a limited scope as policy tools. Use of empirical models is also restricted because they lack a rigorous grounding on theory and have to rely on statistically significant relationships that are derived from a particular data set (Mitasova et al., 1997) . Therefore, these empirical models cannot be extrapolated beyond their data domain with confidence, either to more extreme events or to other geographical areas (Wischmeier, 1976) .
The limitations of applying process-based or empirical models at larger scales led to the development of two alternative approaches for nation-wide land degradation assessments. One is based on expert interventions, a second line uses satellite based information on rainfall use efficiency (RUE). The first approach uses expert opinions to make qualitative assessments on the status of land degradation. A well known example is the Global Assessment of Soil Degradation (GLASOD) (Oldeman et al., 1991) , where experts gave ordered qualitative judgments on degree and extent of land degradation. Other examples of expert interventions are found in the experience-based scoring systems for biophysical factors and land use (e.g. Liu et al., 2003; Jager, 1994) , qualitative assessments (e.g. Gachene, 1995; Desmet et al., 1995) or a combination of erosion models with expert knowledge (e.g. Symeonakis & Drake, 2004; Hill et al., 2006) . Expert based land degradation assessments have in common that they capitalize on spatial analytical tools and display capabilities of GIS to analyze spatial patterns (Aitkenhead & Aalders, 2011 ) and identify vulnerable areas. As such, these maps are informative, however, inappropriate for modelling purposes. Moreover, expert judgments are much disputed as they are not tested for their consistency (Niemeijer & Mazzucato, 2002; Rey et al., 1998) , that is, it is not known if different experts would assign the same qualification to sites with similar degree of degradation. Of course, different assessments for similar sites can be caused by differences in perception of the experts or unobserved heterogeneity in the landscape, yet, the tendency should make it clear that assessments converge to a common significance in order to make the results interpretable. Finally, we note that the quantitative interpretation of qualitative expert judgments is inherently unidentifiable. In the last decade there has been a growing interest in a second approach to detect land degradation patterns nation-wide, viz. the application of RUE trend analysis (Geerken & Ilaiwi, 2004; Prince et al., 1998; Reynolds & Smith, 2002; Hall et al., 2006; McNaughton et al., 1989; UN, 1994; Fensholt & Rasmussen, 2011) . The RUE is the ratio of Net Primary Production (NPP) over Rainfall, separating vegetation changes caused by fluctuations in rainfall from other factors. RUE trends are estimated according to a linear relationship with years as independent variable. The common interpretation is that negative slopes that are statistically significant indicate land degradation. The Global Assessment of Land Degradation and Improvement exercise within the GEF-UNEP-FAO funded Land Degradation Assessment (LADA) project employed a RUE to adjust the impact of rainfall on trends in NDVI (Bai et al., 2008) for globe and LADA pilot countries (Argentina, China, Cuba, Senegal, South Africa and Tunisia). However, the RUE approach suffered from several methodological complications which we further detail in the section data and methods. Therefore, the LADA project also adopted expert judgments approaches for a nation-wide land degradation assessment in the six pilot countries.
We report in this study on the LADA results of the expert approach and the RUE analysis for Senegal. Before we turn to the specific contributions of this study we give a brief profile of land degradation in Senegal.
Land Degradation in Senegal
A recent article in Nature (Mulitza et al., 2010) showed that sharp increases in dust deposition of terrigenous sediments could be related to vast land degradation processes in Senegal that started in the 1840s. In that period, the ruling French colonial power, promoted cultivation of groundnut as a driver of prosperity and economic growth. Price policies in the last century further endorsed the profitable cultivation of groundnuts, yet, its incessant demand for land started to take a toll on the environment. Land degradation became particularly manifest when the last vestiges of the original wooded savannas and open woodlands were cleared in the 20 th century. What remained were agricultural parklands dominated by only few acacias species (Tschakert & Tappan, 2004) that no longer could protect the soils against wind and water erosion and resulted in less favourable physical and chemical properties in the top soil (Kairé, 2003) . During the first half of the 20 th century, the expansion of groundnut was further facilitated by construction of roads, railroads and the establishment of a network of processing centres. SAP, peanut producers were granted higher prices but fertilizer subsidies were abolished. As a result peanut farmers did forego the purchase of chemical amendments (Speirs & Olson, 1992 ) and adopted inappropriate production techniques, like sowing at higher densities, to compensate for production losses of individual plants (Kelly et al., 1996) . Yet, these short-run payoff strategies (Reardon et al., 1997) only caused a further depletion of the soil resources, trapping farmers into a vicious circle (Reardon et al., 1998) .
The causes and impacts of land degradation in Senegal are diverse, which is confirmed by local studies. Wood et al. (2004) found that agricultural extensification in Velingara, a tropical dry woodland area in south-central Senegal, poses a significant threat to both upland woodlands and riparian forests. Furthermore, lack of clarity about the land tenure and land allocation powers of administrative units led to increased clearing of forests and other unsuitable land management techniques (Wood, 2002) . Li et al. (2004) showed that total carbon stock in vegetation and soils was reduced significantly due to forest clearing in south-central Senegal. Diouf and Lambin (2001) and Vincke et al. (2009) concluded that the degree of land degradation in Ferlo, North Senegal caused by drought, was dependent on soil quality and anthropogenic pressure. Mbow et al. (2008) found that rapid environmental degradation in Saloum, Central East Senegal was caused by conversion of forest and savannah areas to agricultural land for groundnut cultivation.
We conclude that the historical overview and the various case studies are informative but their findings cannot easily be extrapolated to higher levels and the urgency for the appropriate techniques for a nationwide land degradation assessment remains pending.
Contribution of This Study
Therefore, under the LADA initiative, two studies were organized that made a nationwide inventory of the land degradation problems in Senegal. One study was based on the expert approach using the WOCAT (World Overview of Conservation Approaches and Technologies) methodology (Liniger et al., 2008) . For our exercise we selected in each of the 45 departments (second administrative level) a group of local agricultural extension officers with more than 5 years professional experience. Extension workers did avail of a considerable knowledge on the status of land quality in their working regions. In addition, the group was extended with NGO members that were active at the local level and had a long time experience in the field of land resources management. The expert assessments were organized using the WOCAT approach that describes the extent, degree, rate, and other characteristics of land degradation and land conservation technologies. Except for area extent of degraded land, the expert assessments are given in qualitative terms. A second study derived a nationwide inventory on land degradation in Senegal from Bai and Dent (2007) , using estimated RUE trends from a linear equation with years as independent variable. These RUE trends were estimated for 3110 grids with a resolution of 8 8 km, thereby covering the entire Senegalese land area. The experts did not have any information of the RUE results and their assessments were only influenced by their own knowledge and experience of land degradation processes.
In this study we aim to compare the results of these two land degradation assessments. We will analyze possible anomalies between expert assessments and RUE analysis, specifically, we evaluate whether information from both sources agrees or disagrees for area share, degree and rate of land degradation. Our map unit of analysis is defined by a crossing of the production systems map and the district map ( Figure 1 and Figure 2 , respectively). For each map unit experts indicated area share of affected land and the degree and rate of land degradation. Area shares of degraded land for the RUE trend analysis are defined by the share of pixels with a negative slope parameter at a certain confidence level that belonged to that specific map unit. The average of slope values of RUE trend analysis for each map unit that are statistically significant are used to compare the expert judgments for a) degree of land degradation and b) rate, or speed, of land degradation. Prior to our actual analysis we address the concerns on the use of qualitative expert judgments to assess the degree of land degradation. We, therefore, test if experts are consistent in their decisions so as to assure that they are a reliable source of information for our comparison. Consistency is tested by comparing expert judgments on degree of land degradation for similar combinations of biophysical conditions and land use, assuming that these sites have the same degree of land degradation. A higher joint occurrence of similar qualitative judgments for the same areas should give confidence that expert judgments are coherent and can be used for further analysis. With reference to the quantitative interpretation of qualitative judgments, data paucity on quantitative land degradation assessments impeded a full empirical analysis in this study, yet, we will address this issue in the conclusion (Section 4).
Concerning the use or RUE data for a comparison with expert judgments, we like to note that conceptually this is cumbersome as the results of the RUE trend analysis are based on regression results which by themselves depend on a number of, possibly untested, assumptions. Therefore, formal statistical analysis that compares the relation between RUE outcomes and expert observations may only lead to results that are difficult to interpret. Yet, as RUE trend analysis is widely used as an indicator of land degradation, we will ignore its history of construction and take the outcomes simply as given to compare them with expert assessments, only using intuitive graphical tools to illustrate the comparison.
The presentation of this research is organized as follows. Section 2 summarizes data and methodology. Section 3 reports on consistency of expert judgments (3.1) and compares expert judgments and RUE results for assessments of area shares of affected land (3.2), degree of land degradation (3.3) and rates of land degradation (3.4). Section 4 concludes.
Data and Approach

Expert Judgments
Under the LADA project land degradation assessments of expert judgments identified, for prevailing production systems in the 33 Senegalese districts, one or more area shares with various types of land degradation. For each land degradation type, or a combination thereof, a degree and rate of land degradation were estimated, reflecting, respectively, the intensity and (increasing or decreasing) trends of the degradation process. Extent of affected land is expressed as a share of the production system zone in the corresponding district; degree and rate of land degradation are expressed in ordered qualitative classes (Table 1 ). In total a 106 expert assessments were made. Land degradation assessments were organized in Excel files, one for each district, using single spreadsheets for the prevailing production systems. Areas indicated as 'Marginal' in the production systems map were not included in the assessment.
RUE Data
Data from the RUE analysis and the results are presented in Bai and Dent (2007) . The RUE is the ratio of the annual sum of the NPP to the annual rainfall. NPP are calculated from the Normalized Difference Vegetation Index (NDVI) using a linear transformation. NDVI data were obtained from the GIMMS radiometer (AVHRR) data at a resolution of 8-km grids, collected by the National Oceanic and Atmospheric Administration satellites. NDVI data are available for the period 1981 to 2003 and were tested for their NDVI temporal and spatial independence (Tucker et al., 2004) . Rainfall data were obtained from Beck et al. (2005) and resampled from 0.5° lat/lon grids to the NDVI resolution. Yet, RUE trend analysis counts with several methodological problems. First, the fundamental postulation that there is a linear correlation with zero intercept between rainfall and NPP (Houérou, 1984) seems hardly applicable outside arid and semi-arid areas as forest and perennials are less responsive to rainfall as compared to annual vegetation (Huenneke et al., 2002) . Second, low correlation between NDVI time series and NPP introduces considerable uncertainty (Bai & Dent, 2007) in interpretation of RUE data (Wessels, 2009) . Third, independently studies of Veron et al. (2006) , Safriel (2007) and Bai et al. (2011) reported large variations in RUE response that could not be explained by land degradation, signifying that other factors affected the efficiency of soil moisture for primary productivity. Fourth, Evans and Geerken (2004) found that RUE and rainfall were closely related, which impedes a correct interpretation of RUE trends which are seemingly driven by rainfall rather than land degradation. Fifth, yearly RUE values mask intra-annual variations where vulnerable periods for land degradation during the year are not clearly reflected (Boer & Puigdefabregas, 2003) .
Some of the shortcomings in RUE analysis are being addressed in a research project at the International Soil Reference and Information Centre (ISRIC). The approach is to use a water balance that stores rainfall surplus of previous periods so as to improve the dynamics of water availability and cushion effects of abrupt changes in precipitation patterns (Bindraban et al., 2000; Bindraban et al., 1999) . 
Visualization Techniques
The study uses two techniques to visualize the relationship between expert opinions and RUE analysis. The first is the well known scatter plot, indicating the point observations of expert opinions and the RUE analysis. Yet, as it is difficult to visualize patterns from scatter plots we introduce a smoothing technique, based on kernel density regression that interpolate point observations and might reveal prevalent patterns (e.g. Bierens, 1987) . The calculations of the kernel are implemented in the Mollifier program (Keyzer & Sonneveld, 1998) and generate statistical measures of fit at every point, rather than for the full sample only. The Mollifier program offers visual displays of the non-parametric estimates in 3-D graphs while using color shifts in the regression curve and ground plane to depict associated statistics representing, say, reliable areas in the data domains, quality of fit, and covariates.
Sequence of Analysis
The study starts with a test on the consistency of expert opinions. It compares the expert judgments that were given for sites with similar characteristics and land use. Next, we use the results of RUE trend analysis and expert assessment to compare: a) the shares of affected land b) degree of land degradation c) rate of land degradation
Results
Section 3.1 presents the results on the consistency test of the experts. Next, we make comparisons between the expert assessments and results of the RUE trend analysis for shares of affected land (3.2) and the degree (3.3) and rates of land degradation (3.4).
Consistency of Expert Judgments
The consistency of expert judgments was checked by a cross-comparison of mapping units with identical characteristics. These mapping units were identified by crossing production system zones with GIS layers of rainfall, soil suitability, slope, population density and livestock density. To assist direct comparison we prepared the following maps: a) Annual rainfall data are presented in three classes: 200-400, 400-700 and >700 mm.
b) Soil suitability data are given for four classes: unsuitable, moderately suitable, suitable and very suitable.
c) The slope map has five classes: no constraints, slight, moderate, moderate/severe and severe.
d) Livestock density data was categorized as: 0-11, 11-32 and > 32 Tropical Livestock Unit (TLU, Note 1) per sq. km. The lowest threshold is derived from studies on nomadic livestock (e.g. McDowell & DeHaan, 1986; Leeuw & Milligam, 1984) and corresponds to the average TLU density of the transhumant zone in Senegal. The 32 threshold is based on the average value of TLU density in other areas than the transhumant zone.
e) Population data are subdivided into classes ranging from; 0-600, 600-9000 and >9000 persons per sq km; the latter category is considered urban population (Note 2) and was excluded.
The combination of maps a-e resulted in homogeneous map units that were linked to expert judgments on the degree of land degradation as indicated in Table 1 . Because expert assessments were given for prevailing production systems in each district, only homogeneous map units that occupy more than 20 percent of the production system zones were considered for comparison. Table 2 summarizes the results. In total, 367 sites were identified with more than one counterpart with identical characteristics, varying from 2 identical sites (11 times) to a total of 23 identical sites. This allowed us to make in total 62 comparisons.
www Vol. 5, No. 8; 2012 122 Of these 62 comparisons we found 31 sets of comparable sites where all experts gave identical land degradation assessments. For the remaining 31 sets expert judgments were inconsistent: 17 sets had one class difference and 14 sets two class differences. Yet, in 27 of the 31 sets with inconsistent judgments more than 50 percent of identical assessments were reported. This was less than 50 percent for the other 4 cases. In detail:  Of the 13 sets having 2 sites with similar conditions, 11 reported the same classification for both sites. In the remaining 2 sets there was one class difference;  16 sets have 3 sites with similar conditions, for 15 sets judgments were identical and 1 set reported 1 class difference;  5 sets with 4 sites with similar characteristics were found, 2 of which had the same classification for all 4 sites, 1 set had 3 similar classifications and 5 sets had 2 matching assessments for the 4 sites; both non-matching assessments differed by more than one class;  3 sets with 5 identical sites gave, in all 3 cases, 3 and 2 identical expert assessments, with one class difference;  for the 5 sets with 6 sites with similar conditions we found 1 set where all experts gave the same assessment; 2 sets where twice 3 identical scores were given with one class difference and 2 sets where three times 2 similar expert judgments were given with more than one class difference;  for two sets of 7 sites with similar conditions the same assessment was given; one set reported 71 percent of identical assessments and for 2 sets a 57 percent of the sites were given the same classification with one set 1 class difference and for the other set 2 classes difference;  One set of 8 sites with similar conditions, had 7 similar scores with 2 classes difference, one set with 6 identical scores and 1 class difference, one set with 62 percent identical scores and 1 class difference and 1 set reported 28 percent identical expert judgments with 2 classes difference;  There were 2 sets with 9 sites with similar conditions; one set reported 67 percent identical expert judgments with two classes difference; the other set had 57 percent identical judgments with one class difference;  There was one set for 10, 11, 12, 13, 14, and 16 sites with similar conditions, with maximum equal scores that varied between 50 and 60 percent with 1 (3 times) or 2 (3 times) classes difference;  Two sets with 22 sites with similar conditions had high scores of 86 percent equal scores with at most two classes difference and 72 percent equal scores with one class difference;  Finally, there was one set with 23 sites with similar conditions where we found a remarkable 95 percent of equal scores and one class difference.
Our findings indicate that experts have a reasonable to high consistency in their judgment on the degree of land degradation. In total a 269, or 73 percent, of identical assessments were given to sites with similar conditions. This is a remarkable result compared to earlier studies (e.g. Sonneveld & Dent, 2007; Sonneveld, 2003; Sonneveld & Albersen, 1999) where overall consistency of experts was moderate and cases with deviating assessments prevailed significantly over the few cases with identical scores. Yet, in the earlier mentioned studies individuals were asked about their opinion about land degradation while the WOCAT approach discusses these individual assessments in group sessions. This most likely harmonizes perceptions on land degradation and results in better consistency scores.
Comparing Share of Degraded Land
Using the expert judgments we found for Senegal a 6 571 990 ha, or 34 percent of the total area (Note 3), affected by land degradation. The bar chart in Figure 3 shows the distribution of area shares as a percentage of total area by degree of land degradation. Less than 5 percent of the land is lightly degraded. Approximately 23 percent is moderately affected, 7 percent strongly, and less than one percent is extremely affected by land degradation. Table 3 summarizes the extent of land degradation and area share by production system. 'Peri-urban' and 'Floodplain' cultivation reported areas shares of, respectively, 7 and 1 percent that are extremely degraded (see for further details . Source: .
The share of degraded land in the RUE-analysis is, however, dependent on the selection of the confidence interval of the estimated slope parameter. Table 4 illustrates the implications by presenting share of degraded land at national level against different confidence intervals derived from students' t-test statistic. The area share of affected land increases, as expected, with lower confidence intervals. At a commonly used threshold of 95 percent confidence interval we see that none of the estimated parameters was significant. Even for the more relaxed condition of 90 percent confidence the affected area is only approximately one third of the expert assessments. The affected area share according to the expert judgment (34 percent) lies between the 90 and 75 percent confidence interval. We, therefore, decided to use these two confidence intervals to compare the estimates on the share of affected land by the experts and the RUE analysis. Figures 4 and 5 compare for each production zone by district the affected area share identified by experts and RUE trend analysis for pixels with a negative slope parameters at, respectively, 90 and 75 percent confidence level.
The effect of the t-test criteria evidently affects the outcome. Figure 4 suggests that experts estimate higher shares of degraded areas as compared to RUE trends while, conversely, Figure 5 shows the tendency that experts give a lower share of degraded areas compared to the RUE trends. Yet, both scatter plots show that a clear correlation is absent and the relationship between area shares indicated by experts and RUE trend analysis is rather diffuse. In a next step we use colors and symbols to identify patterns for the individual production systems zones. We plot area shares of RUE trend analysis and expert assessments, for rainfed, transhumant, forestry and nature reserve in Figure 6 with confidence levels of 90 percent (a) and 75 percent (b). Figure 7 (a and b) plots this information for production systems: peri-urban, irrigated, floodplains, agro-pastoral.
We observe for rainfed, agro-pastoral, flood plain and nature reserve a slight tendency that higher area shares of experts correspond to higher assessments of the RUE trend analysis, especially for data at the 90 percent confidence interval. However, the earlier observed bias is also found for these production systems as experts assessments are higher at the 90 percent confidence level and lower for the 75 percent level, compared to the RUE trend data. At both confidence intervals the relation for transhumant, forestry and irrigated areas is not very clear while degraded area shares for peri-urban areas are consistently lower for expert assessments as compared to the RUE trend analysis.
www.ccsenet.org/jsd Journal of Sustainable Development Vol. 5, No. 8; We conclude that the selected data set at the 90 percent confidence interval are somewhat better interpretable. Therefore, we use these data to continue our comparison between RUE slope values and expert assessments on degree and rate of land degradation. 
Comparing Degree of Degraded Land
This section compares the degree of land degradation given by expert assessments against the value of RUE slope parameters. We, thereby, assume that lower (more negative) RUE slope values correspond to increasing degree of land degradation as indicated by experts. We start with an exploratory analysis using scatter plots of the RUE slope parameters (90 percent confidence level) against expert judgments on the degree of land degradation by production system zone ( Figure 8 ). Vol. 5, No. 8; Figure 8. RUE slope values (90 percent confidence level) against expert judgments on the degree of land degradation by production system zone: a) average RUE slope values against the average weighted degree of land degradation; b) maximum RUE slope value against the maximum degree of land degradation Figure 8a plots the average degree of land degradation expressed as its class number (numeric code) weighted by area share (e.g. Leiwen et al., 2005; Pace et al., 2008) against the average RUE slope value for the corresponding production system zone by district. It shows that most observations in the degree of land degradation that vary from class 1 to 3 ('Light' to 'Severe') are found in a narrow range of -0.10 to -0.05 RUE slope values. Class value 2 ('Moderate') and 3 ('Severe') corresponds to a wider range of RUE slope values as compared to class 1 ('Light'). Figure 8b shows the maximum reported degree of land degradation against minimum RUE slope values. There is a high variation of RUE slope values by degree of land degradation, yet, we observe a slight tendency whereby higher degrees of land degradation correspond to lower RUE slope values. We repeated this exercise with RUE slope values that were significant at the 75 percent level and for all negative slope values. Yet, these patterns were less interpretable compared to the RUE slope values with a 90 percent confidence interval and will not be discussed further in this study.
As it is difficult to recognize certain configurations in the scatter plots of Figure 8 we continue with a smoothing technique that interpolate point observations and might reveal prevalent patterns more explicitly. The smoothing is done by the mollifier mapping, a flexible form of curve-fitting that follows the data closely and compensates for the lack of a priori knowledge of an explicit parametric functional form (Keyzer & Sonneveld, 1998) . The mollifier program implements a kernel density regression to show estimated values in 3-D graphs in a surface plot against two independent variables. Furthermore, the program generates statistics on reliability of the estimate and depicts these as color shifts in, respectively, the surface plot and ground plane. We used these statistics to zoom in on the reliable areas of the data domains. Figure 9 shows the mollifier picture. The vertical Y-axis depicts average RUE slope values, the SW-NE X-axis indicates the degree of land degradation, whereas the share of affected land of the production system is shown along the SE-NW axis. The surface plane shows the relation between RUE slope values, the degree of land degradation and the area share of land degradation. The color shift in surface and ground plane reflects the likelihood ratio of the estimated values, the distribution of which is shown in the legend.
The curve is more or less flat except for higher area shares affected by degradation and higher degrees of land degradation that correspond to the lowest RUE slope values, as expected. The relationship between the increasing degree of degradation and RUE is less clear. An increase in RUE values is observed for lower degrees and highest area shares of land degradation, yet, the lighter colours of likelihood statistics indicate that the data density is low and estimates are less reliable. Vol. 5, No. 8; Figure 9. Average RUE slope values (y-axis) against the average degree of land degradation (SW-NE x-axis) and share (in %) of affected areas (SE-NW x-axis); likelihood ratio depicted in planes with bar chart representing its frequency distribution Figure 10 . Minimum RUE slope values (y-axis) against maximum degree of land degradation (SE-NW x-axis) and share (in %) of affected areas (SW-NE x-axis); likelihood ratio depicted in planes with bar chart representing its frequency distribution
We repeat the exercise for the extreme minimum RUE values and maximum degrees of land degradation. Figure  10 shows that lower values of area share and lower degrees of land degradation correspond to higher RUE values. The 'blanket' also declines, nicely, relating increasingly affected area shares with lower RUE values. The relationship for higher degrees of land degradation is less clear, especially for lower area shares, yet, it depicts, as expected, the lowest RUE values for higher degrees of land degradation and highest affected area shares.
Comparing Rate of Degraded Land
Rate. An evaluation of the rate of land degradation by experts, indicating the trend over the past 10 years, shows that 26 percent of the area has an increasing trend of land degradation, about five percent shows a decreasing trend while 2 percent remains stable. Figure 11 shows these trends of land degradation as a share of total area. The increasing trend is alarming as it might increase the degree and area share of land degradation. . Area share (in %) for the rate of land degradation by production system: red = increase; sandy brown = stable; green = decrease Figure 12 shows the rate of land degradation per production system zone. Disturbingly, most production systems report a dominance of increasing rates of land degradation. Specifically, 'Peri-urban' (50 percent), 'Floodplain' (46 percent), 'Transhumant' (40 percent), 'Rainfed' (31 percent) and 'Agro-pastoral' (30 percent) show high shares of increasingly affected areas. Only 'Irrigated' areas seem to be stable, yet, these areas are already largely affected . Obviously, land degradation is expected to increase rapidly in the coming years. Figure 13 shows scatter plots of RUE slope estimates (90 percent confidence interval) against expert judgments for the rate of land degradation per production system and by district. Figure 13a shows the average rate of land degradation weighted by area share and average RUE slope values. We observe a slightly unexpected pattern in
Journal of Sustainable Development Vol. 5, No. 8; which higher expert rates on land degradation correspond to higher RUE slope values. Figure 13b plots maximum reported rates of land degradation against minimum RUE slope values. Also here we find a counterintuitive pattern where higher rates correspond with higher RUE slope values.
We repeated this exercise with RUE slope values that were significant at the 75 percent level and for all negative slope values. Yet, also here we did not find any patterns that gave an expected correlation and we will not discuss these findings here in further detail.
We conclude that the expected relationships between RUE slope value estimates and expert judgments on the rate of land degradation show counterintuitive results from what we expected. Figure 13 . RUE slope values (90 percent confidence level) against expert judgments on the rate of land degradation by production system zone: a) the average RUE slope values against the average weighted degree of land degradation; b) minimum RUE slope value against maximum degree of land degradation
Conclusion
In this study we compared expert assessments on the degree, rate and area shares of land degradation with the results of a RUE trend analysis. We started with an evaluation of the consistency of expert assessments by comparing judgments on degree of land degradation for similar combinations of biophysical conditions and land use. Experts show a high consistency in their judgment on land degradation and are considered a reliable source for further analysis. We continued by comparing results of RUE trend analysis with the expert findings. We found that the correlation between experts and RUE assessment for area shares by district and production system zone is low. Zooming in on production system zones shows some improvement for rainfed, agro-pastoral, flood plain and nature reserve, yet, overall results are far from concise. Comparison between RUE slope values and degree of land degradation gave only interpretable results for extreme minimum RUE values and maximum degrees of land degradation. The relation between average RUE slope values and rate of land degradation provided counterintuitive outcomes.
Concerning the question whether experts or results of the RUE trend analysis are correct we like to note the following. The findings in section 3.1 showed that experts were consistent in their assessments and, consequently, we consider their registered area shares and degree of land degradation as objective measurement and not as subjective interpretations. Furthermore, we discussed in section 2 the several methodological shortcoming of the RUE trend analysis. Hence, to answer the earlier posed question, based on our empirical findings on consistency of expert judgments, the critics on RUE analysis and large deviations between RUE results and expert judgments, we consider expert opinions as the preferable option for a nation-wide land degradation assessment in Senegal.
Yet, this does not exempt expert approaches from the criticism and disputes earlier mentioned. On the contrary, we strongly advocate that the expert approach increases its analytical capacity and policy relevance by adopting the following adjustments. First, its explanatory power should be improved by expanding the independent variables that define the uniform map units, for which experts give their judgment (Note 4). Notably, the approach should expand on collecting information of the historical and institutional setting that proofs to be of imminent importance in the causal explanation of land degradation (e.g. Bouma, 2006) . Concerning the crossing of the numerous variables, this amounts to an optimal stratification of the geography that minimizes variance of independent variables, thereby improving the preciseness of the expert judgments to explain land degradation incidence in its spatial dependence of biophysical and socio-economic variables. The finer resolution of map units also provides judicious interventions to address the location specific conditions. Clearly, including more factors introduces a curse of dimensionality as the combinatorics of several variables categorized in three or more classes easily explodes to thousands of possible combinations. This amounts to a trade-off between accuracy and (nation-wide) coverage of expert judgments. However, a sample of expert observations on selected map units can be used to estimate a qualitative response model (e.g. ordered logit model) whereby explanatory variables used in the crossing exercise reproduce ordered classes of expert opinions for unvisited sites (Sonneveld, 2003) . Second, the use of a modelling framework that reproduces expert judgments also paves the way to simulate prospective scenarios under various land uses, and if information is available, with various land conservation techniques. This is a remarkable improvement with respect to the static expert judgment which can merely be depicted on a map but is inappropriate for the evaluation of policy interventions. Third, a quantitative interpretation of these qualitative judgments can be obtained by relating ordered classes to measured observations on land degradation (e.g. soil loss); this relationship will define the qualitative class boundaries in the dimensions of the dependent variable (Sonneveld & Dent, 2007) providing quantitative interpretations to the qualitative classes.
